Recently, many mechanical components of vehicles are being replaced by electrical or electromechanical parts. This change leads to the reduced weight, higher fuel efficiency, and simpler diagnosis. In particular, a reliable and robust electromechanical brake control system has been focused. So, this article investigates that an application of brain limbic system-based control, a bio-inspired control strategy, to an electromechanical brake system is suitable for dynamic and uncertain driving conditions. To do this end, control parameters are optimized through genetic algorithm. Results show the effectiveness of the suggested control method in terms of control speed, reference tracking, and robustness to the disturbance.
Introduction
Recently, as the vehicle is getting more intelligent, it is expected that smart car system have enabled more safe and efficient driving. With increasing smart car, various sensors and actuators are essential for realizing these functions. In particular, the control performance of the vehicle parts is getting important. Many researches on X-by-wire (X includes brake, steering, and throttle) has been widely studied. [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] Unlike conventional brake systems that generate braking force through hydraulic pressure, electromechanical brake (EMB) is a system in which many of the mechanical and hydraulic components are replaced with electronic ones. Such an automotive brake-by-wire system has been studied for decades. Line et al. 3 suggested a cascaded control to cope with a wide range of nonlinear friction load disturbances, one of the challenging issues in the conventional proportional-integralderivative (PID) control. Their PI-based cascade control is consisted with a force controller, motor velocity controller, and motor current controller. Applying robust H ' optimal control to the EMB 4 shows less sensitivity to actuator perturbations and the stability. Tanelli et al. 6 proposed a pseudo sliding mode controller based on a power law interpolation to avoid chattering and to handle measurement noise and sampling frequency. Line et al. 5 modified their previous works by applying the model prediction control strategy to 1 improvement in the performance in actuator saturation, load-dependent friction, and nonlinear stiffness characteristics of the EMB. Park et al. 7 suggested a clamping force estimation algorithm and clamping force calibration method without a load cell to increase price competitiveness of EMB. EMB application to commercial city buses was tried by Eum et al. 9 Based on the cascaded control structure, the disturbance observer was designed to robustly cope with the model variations.
The main contribution of this article is applying a bio-inspired control strategy to EMB system. As a baseline, PI-based cascade control performance has been carried out. Genetic algorithm (GA) optimization is applied to optimize brain limbic system (BLS) control parameters. In addition, extensive simulation demonstrated that the performances of newly proposed algorithms are effective in improving the performance of EMB control systems. This article is organized as follows: section ''Electromechanical braking'' and section ''Conventional PI control strategy'' introduce the electromechanical braking model and a conventional control method, PI-based cascaded control model, respectively. Sections ''BLS-based control'' and ''BLS-GA control strategy'' describe the BLS-based control and its application to EMB. In succession, the simulation results demonstrate the performance of the proposed control method and conclusion is presented in sections ''Simulation results'' and ''Conclusion,'' respectively.
Electromechanical braking
Unlike conventional brake system, the EMB is electronically connected between the brake pedal and the brake and uses electromechanical parts to generate brake pad clamping force instead of hydraulic system. 3, 7, 9, 10 As shown in Figure 1 , the electric motor pushes the brake pads toward the brake disk and then generate braking force. To verify the performance of the proposed controller, the following EMB system model is adopted as follows 
where T E = T m À T L and the back electromotive force (EMF) K b = 2=3K t . Parameter values of previous studies [3] [4] [5] are considered in simulations (provided in nomenclature).
Conventional PI control strategy
As a baseline, the PI EMB system controller is considered. To generate the desired brake pad clamping force, the EMB model and control structure are used from Line et al. [3] [4] [5] as in Figure 2 . The controller is consisted of the clamping force, motor speed, and motor current controller. Each PI sub-controller includes the inner most loop (the motor current), and control output is defined as follows
where c i , K Pi , K Ii , and e i represent current control output, proportional and integral gain, and current error, respectively. Speed control output is considered by
where c s , K Ps , K Is , and e s are defined as motor speed control output; P and I gains of PI controller; and the speed error, respectively. Clamping force controller is given by
where control output, PI controller gains, and the force error are c F , K PF , K IF , and e F , respectively. First, six PI controller gains are selected and initial PID gains are tuned by Ziegler-Nichols. In this article, the rough parameter tuning is done by trial and error strategy as shown in Table 1 . The simulation results of PI control are shown in Figure 3 . To measure control performance, the 5% settling time, t s , for reference clamping force and steadystate error are investigated. Simulation results show that t s = 0:269 and 0.38 kN of steady-state error.
BLS-based control
To improve the performance of the conventional control method, the BLS-based control was employed. The emotion-based behavior process occurs in the limbic system of the human brain. BLS consists of amygdala, orbitofrontal cortex (OFC), thalamus, and sensory cortex. 13 The sensing signal transmitted to the thalamus initiates learning process and let the signal transmitted to sensory cortex. The sensory cortex generates the sensory input (SI) from the output of the thalamus (MO). Finally, the SI is given to the amygdala and the OFC, mainly involved in emotional process. A computational model that occurs in BLS was developed by More´n and colleagues 13, 14 as schematically depicted in Figure 4 . Lucas et al. 15 brought this concept to the control engineering field first. The BLS-based control is a control strategy that mimics the emotional learning process occurring in the human brain, and by means of this learning process, the system can be controlled to achieve the desired goal. Equations (10)- (14) describe a simplified model of the process
where MO, SI, and EC represent the controller output, sensory input signal (SI), and the emotional cue signal (EC). G A and G OC represent the gain of amygdala and the OFC, respectively. The final output of the suggested controller is the difference between amygdala and OFC as shown in equation (10) . From the computational model, the amygdala constantly learns the relation between the sensory input signal and the emotional signal and tends to behave based on the learned connection. Furthermore, the OFC signal acts to prevent any inappropriate action that is originated by the amygdala. In this process, the amygdala learns the appropriate relations between neutral and emotionally charged stimuli while the OFC tries to inhibit inappropriate connections as the task is accomplished as shown in equations (4) and (5) G A , the amygdala gain, is learned proportionally to the difference between the reinforcement (EC) and the output signal of the amygdala node. The learning rate, a, is a selectable between 0 (no learning) and 1 (instant adaptation). It is the difference between the strength of the emotional cue. The current output of the amygdala node and the strength of the stimulus signal, SI, are involved in the amygdala learning. The stronger the stimulus and the larger the difference between EC and amygdala output, the faster the learning occurs. By taking maximum value between 0 and the difference between EC and A, this subsystem can never unlearn G A gain; once learned, it is permanent. Unlike the amygdala model, the learning occurring in OFC is not constrained to be monotonic; b is the learning rate of OFC. And it is a little bit higher than amygdala's learning rate to reflect a faster learning rate than that of amygdala. The OFC tracks the mismatch between the system's predictions and the actual received reinforcement and learns to inhibit the system output in proportion to the mismatch. By the observation of equations (13) and (14), it is noted that the amygdala gain is not affected when EC is zero; however, the OFC gains rapidly increases and inhibits the output. Once DG A and DG OC are obtained, the output signal of the amygdala (A) and that of OFC (OC) are calculated as noted in equations (11) and (12) . As shown in equations (13) and (14), SI and EC perform significant roles in BLS controller. The emotional signal EC is internally generated. The form of this signal is defined by the controller designer with respect to the purpose of the control task. In BLS-based controller design, the most important task is selecting a suitable SI and EC for specific objective.
BLS-GA control strategy
To employ the biomimetic control method, some parameters and functions are well defined. Unfortunately, there is shortcoming that the systematic rules for defining these essential components of BLS controller do not exist. Like PID control scheme, the essential BLS components, SI and EC, are designed based on the error between the reference clamping force acts on the brake pad, which is the main control target, and the actually generated clamping force. In this study, SI and EC are defined as
where e and u are system error and controller output, respectively. With the same conditions used in PI control design process, some gains of the BLS controlbased EMB control are optimized by GA [16] [17] [18] [19] as shown in Figure 5 .
In the framework of GA, optimization is conducted from the definition of the initial population. By means of fitness function evaluation, the highest valueobtained members are selected as next seeds. When the criterion does not meet the solution requirements, the successive generations are regenerated by reproduction, crossover, and mutation process to make better solutions. It is obvious that the larger population size number and generation number are a good approach to find the optimal solution. In order to optimize parameters, the objective function and fitness function are specified by 
F cl ref and F cl represent each desired and generated clamping force, and GA parameters are in Table 2 .
Simulation results
In this section, the control performances of PI and GA optimized BLS are compared through simulations. After the clamping force tracking performances are investigated, the robustness of the proposed controller is observed as well considering the clamping force measurement error as a disturbance to the control system. First, a constant clamping force tracking performances are compared. Targeting clamping force, 27 kN, is requested to the EMB to stop the vehicle. The reference tracking performance was presented in Figures 6 and 7 . Figure 6 shows simulation results of without disturbance case, while Figure 7 displays the results under disturbance. Because accurate sensing of clamping force is impossible, 0.3% of sensing error is assumed and applied in the disturbance included simulations. Performance analysis shows that BLS-GA is faster and fewer steady-state error than PI control. The settling time is t s = 0:217 which is better than that of PI control (t s = 0:269), and the steady-state error is 0.08 kN where that of PI is 0.38 kN, as shown in Figure 6 . Table 3 shows the root mean square (RMS) of clamping force error of each control method. It is observed that the control performances are Table 2 . Characteristic parameters of the GA-based tuning.
Parameters Value
Number of random seed 388 Number of generations 50 Size of population 100 Number of variables 4 (w 1 , w 2 , w 3 , w 4 ) Crossover probability 80 Mutation probability 0.01 Figure 6 . EMB control performance comparison (F cl = 27 kN, without disturbance). deteriorated considering sensor noise in both control methods. In both cases, the BLS-GA strategy has fewer RMS errors. This shows BLS-GA strategy better under disturbance case and suitable real EMB braking system that has clamping force measurement errors. Under sinusoidal signal-based clamping force, the target racking performance of suggested control algorithm is examined. During the simulation, F cl = 24 + 3 sin (0:8p t) is defined as the target clamping force. Without and with sensor noise cases are compared as well. Figures 8 and 9 show the control results.
BLS-GA method shows larger RMS error than that of PI control under without sensor noise case when the target tracking error of control methods are compared as shown in Table 4 . However, under disturbance case, BLS-GA shows superior performance having fewer RMS errors than PI and this demonstrates that BLS-GA has better control performance under real operational condition. In both simulation cases, the suggested control strategy has fewer RMS error for sensor noise (disturbance) and faster target tracking performance.
Conclusion
In this article, a new control method for an EMB system was studied. As a bio-inspired control scheme, BLS-based control is introduced. In order to improve the performance of the suggested control method, GAbased parameter optimization is adopted. From the simulations, it is shown that the BLS-based control has fast and accurate performance than PI and the robustness of the BLS controller is demonstrated through sensor noise applied cases. This research was conducted with numerical simulations; the findings will be verified through experimental tests in the following research.
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